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Abstract

Neural network performance predictors are widely used to accelerate neural architecture
search, but existing methods face a persistent trade-off: learning-based predictors require
costly per-dataset initialization, while lightweight proxies are fast yet struggle to exploit prior
experience and often degrade under dataset shift. We introduce NAP2, a hybrid performance
predictor that models early training dynamics. NAP2 tracks the temporal evolution of layer-
wise weight and gradient statistics over a small number of mini-batches, producing accurate
rankings from as little as 100 mini-batches per candidate. Crucially, NAP2 supports cross-
dataset reuse: a predictor trained on one dataset can be applied to another without fine-
tuning, avoiding the re-initialization overhead incurred by many model-based approaches.
Experiments on NAS-Bench-201 across CIFAR-10, CIFAR-100, and ImageNet16-120 show
that NAP2 is competitive with strong hybrid baselines under limited budgets and delivers
reliable zero-shot transfer, outperforming established learning-curve and zero-cost baselines
at short query times. We further demonstrate robustness to significant distribution shift,
with a predictor trained on CIFAR-10 transferring effectively to SVHN. Our code and trained
models are available at https://anonymous.4open.science/r/NAP2-6027/README.md.

1 Introduction

Neural network performance prediction aims to estimate the final performance of candidate architectures
without fully training each one, and it is a key ingredient in scaling neural architecture search (NAS).
Performance predictors are commonly compared under constraints on (i) predictor initialization cost (the
compute required before deployment), (ii) per-architecture query cost, and (iii) ranking accuracy, typically
measured via rank correlation.

Following the taxonomy of (White et al., 2021)), existing predictors can be broadly grouped into: (a) model-
based predictors that learn from previously evaluated architectures (Ji et al. [2024)); (b) learning-curve
predictors that extrapolate performance from partial training traces (Ding et al. 2025)); (¢) zero-cost pre-
dictors that compute training-free (or nearly training-free) proxies at/near initialization (Lee & Ham) 2024]);
and (d) weight-sharing approaches that evaluate many sub-networks using shared parameters (Zhang et al.,
2023). Model-based predictors can yield low query cost after an expensive initialization phase, but they
often require re-training or adaptation when moving to a new dataset, limiting their practical reuse under
dataset shift. Zero-cost proxies avoid initialization and minimize query time, but their static nature typ-
ically imposes a ceiling on ranking fidelity, since the predictor does not improve as more training signal
becomes available. Learning-curve predictors can be accurate, but they generally require partial training per
candidate, increasing query time.

This study focuses on cross-dataset reuse of performance predictors: given a predictor trained on a source
dataset, the goal is to rank architectures on a target dataset with minimal per-architecture training and with-
out target-specific predictor re-initialization. The main technical difficulty is that dataset shift changes both
attainable accuracies and early optimization behavior, so predictors that rely on dataset-specific calibrations
or purely static signals often degrade when transferred.
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To address the limitations described above, we propose Neural Architectures Performance Prediction
(NAP2), a hybrid predictor (in the sense of combining a learned predictor with learning-curve signals) that
represents early training dynamics via the temporal evolution of layer-wise summary statistics of weights
and gradients. Unlike static, architecture-only descriptors, NAP2 explicitly leverages short learning-curve
information (e.g., the first few hundred mini-batches) while still amortizing experience through a learned
predictor that can be reused across datasets. Empirically, we show that NAP2 can produce strong rankings
from very short partial training runs (e.g., 100 mini-batches per candidate) and that predictors trained on
one dataset can be applied to other datasets without fine-tuning while retaining competitive rank correlation.

We evaluate NAP2 on NAS-Bench-201 across CIFAR-10, CIFAR-100, and ImageNet16-120, demonstrating
competitive results against strong hybrid baselines under limited budgets, and strong zero-shot transfer
compared to established learning-curve and zero-cost baselines in cross-dataset settings. Our contributions
are as follows:

o We introduce NAP2, a hybrid performance predictor that models early learning dynamics using
time-indexed statistics of weights and gradients.

o We demonstrate cross-dataset reuse (zero-shot transfer) of a learned predictor without target-dataset
fine-tuning, while using only short partial training per queried architecture.

e We demonstrate robustness to significant distribution shift, showing that a predictor trained on
CIFAR-10 transfers effectively to SVHN without fine-tuning, outperforming baselines by a wide
margin.

2 Related Work

Neural network performance prediction methods differ in computational cost, prediction accuracy, and data
types used, but can all be evaluated by three metrics: a) Initialization (pre-use compute/time to train the
predictor); b) Query (compute/time per prediction); and ¢) Performance (accuracy after training).

In White et al.| (2021)), the authors propose the following categorization for performance predictors:

Model-based methods fully train many architectures, extract meta-features, and train a model to predict
performance, resulting in high initialization but low query times. Prediction methods include Bayesian
optimization (Shi et al., |2020; Kandasamy et al, 2018), evolutionary algorithms (Xue et al., [2023; |Xiao
et all [2024), graph neural networks (Gao et al., 2023; [Li et al., [2022), and Gaussian processes (Li et al.
2020; Lee et al. 2017). Recent advances, like CAP (Ji et all |2024)), leverage context to require fewer
annotations.

Learning curve-based methods predict final performance by extrapolating from partial learning curves
or losses. Techniques fit parametric models to validation accuracies (Domhan et al. 2015), or use iterative
pruning as in Hyperband (Li et al., [2017) and SMAC3 (Lindauer et al.||2022)). Bayesian neural networks can
extrapolate partially trained curves (Klein et al.; |2022). Recent works enhance these with dataset-agnostic
learning (Ang et al., 2024), and structured neural representations for better modeling (Ding et al., |2024).
However, query time is high, as each candidate generally needs partial training.

Zero-cost methods eliminate initialization and minimize query time by using single or few mini-
batches, or even no training. Predictions rely on activation similarities (Mellor et al., 2021), or data-
dependent/independent features; for example, synflow (Tanaka et all|2020) computes a L1 path-norm from
weights only. Approaches like Zen-NAS (Lin et al. |2021)) require only a few forward passes for ranking, and
Nas-Bench-Suite-Zero (Krishnakumar et al., 2022)) provides a unified suite of such proxies. Some estimate
performance using gradients or Jacobian measures (Abdelfattah et al., 2021)).

Weight-sharing methods train a single over-parameterized network representing many sub-networks,
improving efficiency. Notable approaches include DARTS (Liu et all) [2018)) and its variants (Ye et al.|
2022; [Huang et al., [2023), ENAS (Pham et all |2018) parameter sharing, ProxylessNAS’ direct search (Cai
et al., [2018)), and TuNAS (Bender et al., 2020) for transferability. An approach using a single-path in the
over-parameterized network further reduced search cost (Guo et al. [2020]).
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Figure 1: The proposed NAP2 architecture. At fixed batch intervals, we extract feature maps that represent
the weights and gradients of the analyzed network. These feature maps are compressed using an encoder, and
then provided as input to an LSTM model. This model predicts the analyzed network’s final performance.
Note that because LSTMs don’t require a fixed-length input, NAP2 can produce predictions after any
sequence length.

Our proposed approach falls into a category defined by White et al. (2021) as hybrid, combining model-
based and learning curve-based techniques. While NAP2’s query time is longer than zero-cost approaches,
it delivers accurate predictions from as little as 100 mini-batches (about 9 seconds on a GTX 1080 Ti; see
Section , and models trained on one dataset generalize to others without fine-tuning, positioning our
method as a highly efficient learning curve-based predictor.

3 The Proposed Method

Overview. NAP2 is presented in Figure Starting with a set of architectures |A|, we analyze each
architecture by repeatedly snapshotting its internal state early in training: every fixed interval of mini-
batches, we log the network’s weights and the corresponding gradients, and then transform these raw tensors
into a fixed-shape representation. Concretely, at every snapshot we (i) extract layer-wise summary statistics
from both weights and gradients, (ii) assemble them into two feature maps (one for weights, one for gradients)
with a uniform tensor shape independent of the architecture topology, (iii) compress each feature map into a
compact embedding using a convolutional autoencoder, and finally (iv) feed the resulting embedding sequence
into an LSTM performance predictor. The LSTM can be queried after any number of snapshots, enabling
prediction from very short partial training runs. A visual summary of the full four-stage pipeline, including
tensor dimensions at each stage, is provided in Appendix [A]

Our approach is grounded in the hypothesis that the early training dynamics of neural networks provides
a tractable proxy for the geometry of the loss landscape (Li et al 2018). Features such as the evolution
of weight magnitudes and gradient statistics reflect the sharpness or flatness of the loss surface — proper-
ties linked to generalization (Hochreiter & Schmidhuber, |1997). Recent work has shown that early-phase
trajectories of weights and sharpness reveal universal, architecture-agnostic patterns predictive of later per-
formance (Kalra et al., [2025). We hypothesize that capturing these distinctive, yet broadly shared, aspects
of learning dynamics can support robust and generalizable performance prediction.
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3.1 Meta-Features Extraction and Representation

Meta-Features Extraction. For each analyzed architecture A, and at every snapshot time ¢, we extract
two parallel sets of layer-wise meta-features: one computed from the current weights, and one computed
from the current gradients. Meta-features are extracted from every trainable layer (dense or convolutional)
at fixed training intervals; in our experiments we use an interval of 100 mini-batches, which we found to
balance temporal resolution with storage overhead.

Step 1: Produce a vector of unit-level values per layer. For each layer, we first define the unit over
which we will compute statistics, and produce a 1D list of values:

e Dense layers: the unit is a neuron. We compute one scalar per neuron by applying the chosen
statistic to that neuron’s incoming weights (or incoming gradients). Thus, a dense layer with 100
neurons yields 100 unit-level values.

o Convolutional layers: the unit is a filter (kernel). We compute one scalar (i.e., meta-feature
value) per filter by applying the chosen statistic to that filter’s kernel weights (or kernel gradients),
flattened across input channels and spatial dimensions. Thus, a convolution with 128 filters yields
128 unit-level values (one per filter), regardless of the number of input channels.

Step 2: Add a global layer value. In addition to unit-level values, we also compute a single global
value for the layer by applying the same statistic to all weights (or all gradients) in that layer. This global
value summarizes the overall layer behavior and complements the unit-level values, which capture intra-layer
heterogeneity.

Step 3: Compute the meta-feature families. We compute the following feature “families” for each
layer, and do so identically for weights and gradients:

1) General statistics meta-features. This group consists of basic statistical operations: max, min, mean,
variance, standard deviation, and median. Additionally, we calculate these values for the Oth, 25th, 75th,
50th, and 100th quartiles. These features reflect the overall scale and variability of the weights and gradients,
helping to characterize general learning behavior across layers.

2) Distribution-based meta-features. We calculate the co-variance, kurtosis and skewness of each
analyzed layer.

Skewness - g (1)
Kurtosis - % (2)

where p; = % > k(Wi — @)z, w;; is the weight, 4 is the index of the layer and j is the index of the neuron,
o is the standard deviation and N is the number of weights of the current neuron. Skewness and kurtosis
capture asymmetry and sharpness in the distribution, which relate to curvature and geometry of the local
loss surface.

3) Norm-based meta-features. We calculate the L; and Ly norms over the weights/gradients of each
layer. We apply the following approach: for a layer with weights W the norms are: Ly : |[W]|1 = >, abs(w;) ;
Ly : ||[W]|2 = />, w?. These features quantify update magnitudes, serving as a proxy for learning intensity
and layer-wise signal strength.

Overall, we extract 24 meta-features per layer (12 for each of our two types). All statistical computations use
NaN-aware implementations to ensure robust feature extraction even when layers contain inactive units. For-
mal definitions of all twelve meta-features, the sampling strategy, and the complete feature map construction
procedure are given in Appendix

Rationale for weights and gradients. Weights-based features describe the evolving representation stored
in the parameters, while gradients-based features describe the current optimization signal driving parameter
updates. Combining both is intended to capture learning dynamics rather than relying on static architectural
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descriptors, supporting transfer across datasets by conditioning on how the model learns rather than only
on what it is.

Meta-Features Representation. A key challenge is that architectures differ in depth and layer widths,
while the predictor requires a fixed-size input. We therefore convert the per-layer meta-features at a snapshot
into two fixed-shape feature maps (FM): one for weights and one for gradients. The feature maps are built
with three explicit axes: (i) layer index, (ii) values-per-feature, and (iii) feature type.

Step 1: Per-layer matrices of shape [100,12]. For each layer, and separately for weights and gradients,
we create a matrix with 12 columns (one column per meta-feature) and 100 rows (one row per stored value
of that feature). The 100 stored values are constructed as follows:

o For each meta-feature (each of the 12 columns), we place the global layer value in the first row.

o We then fill the remaining 99 rows with unit-level values (one per neuron/filter), using random
sampling when the layer has more than 99 units.

o If a layer contains fewer than 99 units, we pad with zeros to reach exactly 100 rows.

This step ensures that every layer, regardless of width, is represented by a fixed [100, 12] matrix, while still
preserving a coarse notion of within-layer variability via the unit-level rows.

Step 2: Stack layers into architecture-level feature maps of shape [65,100,12]. We stack the per-
layer [100, 12] matrices along the depth axis to form an architecture-level feature map. For each architecture
at each snapshot we thus obtain two feature maps (weights and gradients), each of shape [65,100, 12]:

e We keep the first 65 layers of the architecture; deeper networks are truncated by discarding the
remaining layers.

e Networks with fewer than 65 layers are padded with all-zero layers at the end.

After this construction, each architecture snapshot is represented by two tensors with identical shape, en-
abling a single downstream encoder and predictor to be trained across heterogeneous architectures.

3.2 Generating Feature Maps-based Embeddings

While informative, our feature maps have high dimensionality, which makes training the prediction model
computationally expensive. A more condensed FM representation will enable us to deploy a smaller perfor-
mance prediction model and use less training data.

We use convolutional autoencoders (CAE) to create embeddings for each feature map. The architecture of
the CAE is symmetric, consisting of five layers with dimensions: 512, 256, 128, 256, and 512. We use the
ReLU activation function and apply batch normalization after each layer. We use the Mean Squared Error
(MSE) loss function and measure the distance between the original and reconstructed feature map using MSE
as our loss function. The embedding layer is a vector v, where |v| = 128. At inference time, only the two CAE
encoders and the LSTM are needed, totaling approximately 28M parameters. Full architectural specifications
for both the CAE and the LSTM predictor, including layer configurations, training hyperparameters, and
parameter counts, are provided in Appendix [C}

3.3 Training the Prediction Model

Our training process has two stages. First, we train two autoencoders — one for each feature map type
(weights-based and gradients-based) — using training samples generated by randomly selecting architectures
and time steps and retrieving the corresponding FM. In the second stage, we train a performance prediction
model: an LSTM with one hidden layer and a Sigmoid output.

We augment each architecture in our training set with feature map embedding sequences of lengths 1 to
10, creating diverse training examples to help the model learn accurate predictions even with limited data.
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Training on varying sequence lengths enables efficient predictions from incomplete information. We also use
the maximal sequence (23 snapshots) to ensure the model can utilize all available data, producing 11 training
sequences per architecture (10 of varying lengths and 1 maximal).

Our training process yields a performance prediction model that is both generic — by training on diverse
neural architectures, encouraging generalization — and robust, as it accurately predicts using anywhere from
a single snapshot to the full sequence.

4 Experimental Setup

4.1 Evaluated Datasets

We replicate the setup of in [White et al.| (2021), and use three well-known datasets: CIFAR-10, CIFAR-
100, and ImageNet16-120, each with 1,000 randomly sampled, disjoint architectures from NAS-Bench-201
(Dong & Yang, 2020), for a total of 3,000 distinct architectures. Following [White et al.| (2021, all sampled
architectures were trained to convergence, and their meta-features (see previous section) were extracted to
train our prediction model. Random subsets of these architectures were used for both training and testing,
with varying train set sizes to control initialization times. Results were averaged over multiple runs to assess
performance and stability. Detailed setup and methodology are provided in the following sections.

4.2 Baselines

Our evaluation consists of two parts. In the first, we compare NAP2 with current top performing hybrid
performance prediction methods. In the second part, we perform a cross-dataset evaluation to assess NAP2’s
transferability to new datasets and architectures. Since existing hybrid and model-based methods require
retraining on the target dataset, in the cross-dataset setting we compare NAP2 to learning curve-based and
zero-cost methods, which similarly operate without target-specific initialization. In our first experimental
setup, we compare NAP2 to leading hybrid performance prediction methods, which require fully trained
architectures for model building and partial training on test architectures for feature extraction. As baselines,
we use LcSVR (Baker et al}, |2017)) and Omni (White et al.l 2021)), two strong hybrid predictors that combine
model-based learning with training-stage signals. LcSVR uses SVR on handcrafted and early stopping
features, while Omni extends model-based predictors by integrating learning curve extrapolation (SoTL-E)
into SemiNAS to balance predictive strength and efficiency. Omni is a strong, generalizable baseline, as
shown in (White et al.| [2021)).

In our second experimental setup, we evaluate NAP2 in a cross-dataset scenario, training the prediction
model on one dataset and applying it to new, unseen datasets and architectures. This setup allows the
predictor to be reused without retraining. We compare NAP2 against baselines that similarly require no
initialization on the target dataset. These include learning curve extrapolation methods, such as SoOTL-E (Ru
et al., 2021)), which use partial training, and zero-cost proxies like SynFlow (Tanaka et al.,|2020), GradNorm
(Abdelfattah et al., [2021), and SNIP (Lee et al. 2018). The latter are training-free methods that estimate
performance at initialization, providing a static baseline for our dynamic approach.

4.3 Evaluation Metrics

The authors of (White et al.;|2021)) use three metrics to report the performance of their evaluated predictors:

Initialization Time. This metric is applicable to predictors that pre-train a learning model (e.g., model-
based methods). It measures the total time required to train the set of architectures based on which the
learning model is created.

Query Time. Measures the average time the predictor needs to predict the performance of a single archi-
tecture.

Kendall rank correlation. Evaluates prediction accuracy by measuring the rank correlation (i.e., similarity
in ordering) of two ranked lists. We use Kendall rank correlation to compare the rankings produced by each
evaluated predictor to those reported in the NAS-Bench-201 dataset.



Under review as submission to TMLR

4.4 Training the NAP2 Prediction Model

The NAP2 prediction model requires extraction of meta-data from neural architectures throughout their
training. Our training strictly followed that of the NAS-Bench-201 benchmark to ensure consistency and
comparability with established results. We used the Nesterov momentum SGD optimizer, Cross-entropy loss
function, an initial learning rate of 0.1 that decayed to 0 with a cosine annealing schedule, weight decay of
0.0005, and a batch size of 256.

For data augmentation, we applied random horizontal flips with a probability of 0.5 and random cropping.
Specifically, we used a 32x32 patch with 4 pixels padding for CIFAR-10 and CIFAR-100 and a 16x16 patch
with 2 pixels padding for ImageNet-16-120. Normalization was performed over the RGB channels. We
extracted our meta-features at 100 mini-batch intervals. For cross-dataset experiments, target accuracies are
min-max normalized to [0, 1] using training-set statistics, so the predictor learns relative rankings rather than
dataset-specific absolute values. Complete dataset specifications, normalization parameters, augmentation
pipelines, and data split details are provided in Appendix

4.5 Experimental Setup

Our evaluation followed the methodology outlined by White et al.| (2021)). Each run samples 200 architectures
and averages results over ten runs. The same training and test sets were used by all evaluated algorithms.

In our first set of experiments, comparison to hybrid methods, we obtained different initialization times by
training a varying number of architectures to train the learning models of all evaluated algorithms. The
number of trained architectures ranged from 50 to 700. In our second set of experiments, where the learning
model is trained on architectures from one dataset and applied to another, we use 700 architectures for train-
ing. All experiments ran on a single GTX 1080 Ti, matching (White et al., |2021)) for timing comparability.
Full details on randomness control, hardware specifications, software versions, and computational cost are
provided in Appendix [E]

5 Evaluation Results

5.1 Evaluation Setup #1: Comparison to Hybrid Performance Prediction Methods

The results of our evaluation are presented in Tables[I}3] We evaluated the baselines on various initialization
and query times to provide a comprehensive analysis of their performance. In the smaller datasets — CIFAR-
10 and CIFAR-100 — NAP2 consistently outperforms the baselines in a large majority of initialization and
query time combinations. In the larger ImageNet dataset, NAP2 performs better at longer query times,
while the use of different initialization times does not discern any clear pattern.

In general, on CIFAR-10 and CIFAR-100, NAP2 outperforms both baselines in the large majority of
initialization—query time combinations; on ImageNet16-120, it is competitive at shorter query times and
surpasses the baselines at the longest query time. Our results are supported by the paired-t statistical test,
which showed differences between NAP2 and the baselines are significant (p < 0.01) across all reviewed
experiments. It is important to note that NAP2 uses a novel method to predict neural network performance,
which opens the way for a possible future integration of NAP2 with other methods. We leave this research
direction to future work.

5.2 Evaluation Setup #2: Cross-Dataset Generalization

A key challenge for performance predictors is generalizing to new, unseen datasets, which saves the large
computational cost of retraining for each task (White et al., [2021). As explained in our description of
the baselines, NAP2 is a hybrid approach capable of cross-dataset performance prediction without requiring
fine-tuning on the target dataset. Since NAP2 does not require initialization in cross-dataset setups, we
compare NAP2 to top-performing learning curve extrapolation methods, which also have no initialization
time. We structure our evaluation in two parts: first, we assess generalization across common image classifi-
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Table 1: Hybrid baselines performance on CIFAR-10.

Init Time Query Time LcSVR Omni__seminas NAP2
1.8e5 54 0.4415 £+ 0.1036 0.5246 £+ 0.0911 | 0.5619 + 0.0848
1.8e5 72 0.5302 £+ 0.0920 0.5388 £+ 0.1162 | 0.5795 + 0.0844
1.8€5 90 0.5312 £ 0.0562 0.5321 £+ 0.1481 | 0.5957 + 0.0864
1.8e5 108 0.5895 4+ 0.0722 0.5598 4+ 0.1131 0.6025 + 0.0914
1.8e5 198 0.7000 + 0.0518 | 0.5119 + 0.1113 0.6200 £ 0.0999
3.6e5 54 0.4572 4+ 0.0651 0.5667 + 0.1230 0.6140 + 0.0923
3.6e5 72 0.4992 £+ 0.0671 0.5673 + 0.1295 | 0.6295 + 0.0827
3.6e5 90 0.5669 £+ 0.0729 0.5958 £+ 0.1483 | 0.6398 + 0.0790
3.6eb 108 0.6403 £ 0.0759 0.5840 £+ 0.1125 | 0.6456 + 0.0771
3.6e5 198 0.7309 £+ 0.0601 | 0.6240 £+ 0.1115 0.6566 + 0.0722
1.1e6 54 0.5009 £+ 0.0821 0.5798 £+ 0.0995 | 0.6703 + 0.0396
1.1e6 72 0.5779 £+ 0.0559 0.5864 £+ 0.1098 | 0.6960 + 0.0443
1.1e6 90 0.6126 + 0.0713 0.6243 + 0.1124 0.7099 + 0.0472
1.1e6 108 0.6422 £+ 0.0542 0.6209 + 0.1268 | 0.7149 + 0.0485
1.1e6 198 0.7570 + 0.0562 | 0.6862 + 0.1130 0.7348 £+ 0.0559
2.2e6 54 0.4837 £+ 0.0619 0.6278 £+ 0.0886 | 0.7304 + 0.0332
2.2e6 72 0.5868 + 0.0596 0.6305 £+ 0.0810 | 0.7565 + 0.0322
2.2e6 90 0.6395 £+ 0.0565 0.6574 £+ 0.1212 | 0.7749 + 0.0291
2.2e6 108 0.6744 4+ 0.0732 0.6705 + 0.0927 0.7900 + 0.0250
2.2e6 198 0.7900 + 0.0536 0.7456 + 0.1049 | 0.8269 + 0.0174
Table 2: Hybrid baselines performance on CIFAR-100.
Init Time Query Time LcSVR Omni_ seminas NAP2
1.8e5 54 0.2943 £+ 0.0733 | 0.5624 + 0.1960 0.5285 + 0.1234
1.8€5 72 0.4133 4+ 0.1081 | 0.5673 + 0.1860 0.5660 £ 0.0885
1.8e5 90 0.4032 + 0.0790 0.5540 4+ 0.1680 0.5755 + 0.0885
1.8e5 108 0.4434 4+ 0.0655 | 0.6110 + 0.1481 0.5801 + 0.0865
1.8€5 198 0.4992 £+ 0.0847 | 0.6165 + 0.1041 0.5770 £+ 0.0829
3.6e5 54 0.3148 £ 0.0540 0.5778 £+ 0.1648 0.6623 + 0.0237
3.6e5 72 0.3986 + 0.0618 0.5783 £+ 0.1881 0.6718 + 0.0222
3.6eb 90 0.4452 £ 0.0392 0.5982 + 0.1874 0.6796 + 0.0237
3.6eb 108 0.4754 £+ 0.0386 0.6090 £ 0.1684 0.6821 + 0.0198
3.6e5 198 0.5882 + 0.0294 0.6587 4+ 0.1238 0.6862 + 0.0235
1.1e6 54 0.4113 4+ 0.0507 0.6187 4+ 0.1571 0.6807 + 0.0529
1.1e6 72 0.4643 4+ 0.0407 0.6324 + 0.0824 0.6984 + 0.0443
1.1e6 90 0.5003 £ 0.0363 0.6387 £+ 0.1309 0.7086 + 0.0390
1.1e6 108 0.5360 £ 0.0433 0.6575 £+ 0.0861 0.7147 + 0.0343
1.1e6 198 0.6253 £+ 0.0361 0.7225 £+ 0.0553 0.7265 + 0.0326
2.2e6 54 0.4180 £ 0.0399 0.6456 + 0.1031 0.7013 £ 0.0492
2.2e6 72 0.4581 £+ 0.0622 0.6562 £+ 0.1058 0.7239 + 0.0411
2.2e6 90 0.5105 £+ 0.0368 0.6855 £+ 0.0708 0.7368 + 0.0347
2.2e6 108 0.5513 4+ 0.0441 0.6934 £ 0.0794 0.7500 + 0.0326
2.2e6 198 0.6362 £+ 0.0280 0.7567 £+ 0.0868 0.7906 + 0.0261

cation benchmarks. Second, to test robustness, we evaluate NAP2’s performance under a significant dataset
distribution shift.

The results of our evaluation are shown in Tables From all the algorithms evaluated in (White et al.,
2021)), we report only those achieving top-3 performance for at least one query time. For NAP2, we present
results with performance prediction models trained on one of the other two datasets. We also compare against
LC-PFN (Adriaensen et al 2023, a pre-trained learning curve predictor trained on over 1 million learning
curves from diverse tasks. While LC-PFN benefits from extensive pre-training on external data, it provides
a strong baseline for zero-shot cross-dataset performance prediction, as it operates without fine-tuning on
the target dataset. Note that LC-PFN requires at least 5 observations to produce reliable predictions, as
its Bayesian prior-based approach needs sufficient data points to stabilize; consequently, LC-PFN shows
negative or unreliable correlations in the earliest steps (1-4), which is reflected in our tables. In contrast,
NAP2 demonstrates consistent performance from the very first observation, highlighting an advantage for
early-stage prediction scenarios.

Our findings show that NAP2 consistently outperforms all baselines for shorter query times, though perfor-
mance varies by dataset. As dataset size and complexity grow, NAP2’s relative performance improves: on
CIFAR-10, it leads for the two shortest query times; on CIFAR-100, for three; and on ImageNet, for all but
the longest, where SoTL-E narrowly surpasses it (0.7 vs. 0.68).
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Table 3: Hybrid baselines performance on ImageNet16-120.

Init Time Query Time LcSVR Omni__seminas NAP2
1.8e5 54 0.2708 £ 0.0769 | 0.5370 + 0.1755 0.5028 £+ 0.0772
1.8e5 72 0.3689 + 0.0615 | 0.5579 + 0.1886 0.5278 £+ 0.0703
1.8€5 90 0.4038 £+ 0.0538 | 0.5793 + 0.1476 0.5499 £ 0.0672
1.8e5 108 0.4147 £+ 0.0693 0.5458 £+ 0.1251 0.5654 + 0.0667
1.8e5 198 0.5289 + 0.0604 0.5919 + 0.1139 0.6174 + 0.0629
3.6e5 54 0.3204 £+ 0.0510 | 0.5732 + 0.1570 0.5466 + 0.0683
3.6e5 72 0.4114 4+ 0.0646 | 0.5797 + 0.1934 0.5721 4+ 0.0482
3.6eb 90 0.4326 £+ 0.0428 | 0.5905 + 0.2362 0.5876 £ 0.0405
3.6eb 108 0.4472 £+ 0.0500 | 0.6072 + 0.1868 0.6018 £ 0.0400
3.6e5 198 0.5887 4+ 0.0420 0.6169 + 0.1898 0.6315 + 0.0422
1.1e6 54 0.3555 + 0.0576 | 0.6595 + 0.2000 0.6415 £ 0.0341
1.1e6 72 0.4120 £+ 0.0538 0.6607 £+ 0.1572 0.6647 + 0.0360
1.1e6 90 0.4706 £ 0.0455 | 0.7018 + 0.1703 0.6740 £+ 0.0359
1.1e6 108 0.5060 £+ 0.0539 | 0.7033 + 0.1730 0.6838 £+ 0.0318
1.1e6 198 0.6165 + 0.0411 0.7273 + 0.1167 0.7241 £+ 0.0321
2.2e6 54 0.3424 £+ 0.0458 | 0.6973 + 0.1592 0.6516 £+ 0.0478
2.2e6 72 0.4136 + 0.0452 | 0.7124 + 0.1285 0.6752 £+ 0.0403
2.2e6 90 0.4293 £+ 0.0572 | 0.7190 + 0.1317 0.6933 £+ 0.0314
2.2e6 108 0.4926 + 0.0469 | 0.7217 + 0.1758 0.7095 + 0.0226
2.2e6 198 0.6105 £ 0.0353 0.7517 £+ 0.1722 0.7725 + 0.0180

Table 4: The performance of learning curve-based predictors on CIFAR-10. NAP2 is trained on the two

other datasets. SynFlow, GradNorm, and SNIP are zero-cost proxies (static performance).

Earl

Alg./ | oo Flow | GradNorm | SNIP || SoTL-E SoTL Ston | LCE-m LC-PFN NAP2 NAP2
Q. time (hGe) (IN) (C-100)
9 0.52 £ 0.04]0.46 T 0.04[0.46 £ 0.04][0.48 £ 0.04 [0.41 £ 0.04]0.43 £ 0.03[0.23 £ 0.04]|0.31 T 0.04|0.54 £ 0.09| 0.58 F 0.08
18 0.52 £ 0.04]0.46 £ 0.04[0.46 £ 0.04][0.63 £ 0.02 [0.51 £ 0.03|0.52 £ 0.03]0.36 £ 0.04]0.37 £ 0.03|0.61 £ 0.08]|0.64 £ 0.05
77 0.52 £ 0.04]0.46 £ 0.04]0.46 £ 0.04]]0.7 = 0.01 [0.58 £ 0.02]0.56 £ 0.02]0.4 £ 0.03 |0.48 £ 0.03[0.66 £ 0.05]0.67 £ 0.05
&3 0.52 £ 0.04]0.46 £ 0.040.46 £ 0.04][0.79 £ 0.01]0.69 £ 0.02]|0.59 £ 0.02]0.54 T 0.03]|0.61 £ 0.03[0.70 £ 0.03]0.72 £ 0.04
99 0.52 £ 0.04]0.46 £ 0.04[0.46 £ 0.04[[0.81 £ 0.01[0.72 £ 0.02]0.63 £ 0.02[0.54 £ 0.04]0.66 £ 0.02|0.72 £ 0.03[0.73 £ 0.05
153 [0.52 £ 0.04]0.46 £ 0.04]0.46 £ 0.04[[0.83 £ 0.01[0.76 £ 0.01]0.64 £ 0.02|0.55 £ 0.04[0.69 £ 0.02[0.72 £ 0.03[0.73 £ 0.05
207 [0.52 £ 0.04[0.46 £ 0.04]0.46 £ 0.04|[0.84 £ 0.01[0.78 £ 0.01[0.69 £ 0.02]0.59 £ 0.03[0.71 £ 0.02]0.72 £ 0.03[0.72 £ 0.05

Notably, even with the shortest query time (nine seconds, or 100 mini-batches), NAP2 achieves a Kendall
Tau score of about 0.5 across all datasets - more than double the baselines on the larger datasets. This
strong early performance highlights the transferability and effectiveness of weight and gradient modeling in
predicting future network performance.

We further compare NAP2 against zero-cost proxies (SynFlow, GradNorm, SNIP), which represent the limit
of "training-free" prediction. As shown in Tables static proxies achieve a fixed correlation ceiling (e.g.,
~0.52 on CIFAR-10, ~0.47 on ImageNet) that cannot improve with more compute. NAP2 matches or
exceeds this ceiling at its very first step (100 mini-batches), achieving correlations of 0.54 (CIFAR-10), 0.51
(CIFAR-100), and 0.51 (ImageNet). Crucially, unlike static proxies, NAP2 leverages learning dynamics to
rapidly improve, reaching correlations of >0.60 within just 600 mini-batches. This demonstrates that while
zero-cost priors provide a good starting point, capturing the dynamic trajectory of training offers significantly
higher predictive fidelity for a small computational cost.

5.3 Robustness to Distribution Shift: A Case Study on SVHN

While CIFAR-10/100 and ImageNet differ in many ways, they also share notable similarities, potentially
enhancing NAP2’s effectiveness in cross-dataset scenarios. To further assess NAP2’s generalizability, we
evaluated it on the Street View House Numbers (SVHN) dataset, which is markedly different from the other
datasets.

We randomly sampled 100 NAS-Bench-201 architectures and trained them on SVHN until convergence,
ensuring none overlapped with previous experiments. We repeated this process three times. As shown in
Table 7] the performance distribution on SVHN (compared to CIFAR-10) is distinct and challenging: when
most architectures perform well, ranking becomes more difficult.

Figure [2| presents our cross-dataset results. We applied the model trained on CIFAR-10 (with no fine-
tuning) and compared its performance to two baselines: SoTL-E (Ru et al., |2021)), the top baseline from our
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Table 5: The performance of learning curve-based predictors on CIFAR-100. NAP2 is trained on the two
other datasets. SynFlow, GradNorm, and SNIP are zero-cost proxies (static performance).

Earl

Alg.‘/ SynFlow | GradNorm SNIP SoTL-E SoTL Stog LCE-m LC-PFN NAP2 NAP2
Q. time (ACC.) (IN) (C-10)
9 0.51 + 0.04[0.46 £+ 0.03]0.46 £ 0.03 || 0.27 + 0.05 [0.21 + 0.04[0.22 £+ 0.03|0.15 £+ 0.04 [-0.13 £ 0.02[0.46 £+ 0.10 [0.51 + 0.07
18 0.51 + 0.04[0.46 £+ 0.03]0.46 £ 0.03 || 0.43 &+ 0.04 [0.33 + 0.04[0.39 £+ 0.03|0.24 £+ 0.04 [-0.10 £ 0.03|0.54 £+ 0.09 [0.56 + 0.06
27 0.51 + 0.04[0.46 £ 0.03[0.46 £ 0.03 |/ 0.56 & 0.02 [0.44 £ 0.03[0.47 £ 0.03[0.27 £+ 0.04 | 0.08 & 0.03 |0.61 + 0.08 | 0.59 + 0.06
63 0.51 + 0.04[0.46 £ 0.03]0.46 £ 0.03 || 0.74 + 0.01|0.62 £ 0.02|0.57 £ 0.02|0.41 £ 0.03]0.33 &+ 0.03 [0.68 &+ 0.03 [0.66 + 0.04
99 0.51 + 0.04[0.46 £ 0.03]0.46 £ 0.03 || 0.79 + 0.01|0.68 £ 0.02|0.58 £ 0.02|0.53 £ 0.04 [ 0.43 &+ 0.03 [0.70 & 0.03 |0.68 + 0.02
153 0.51 + 0.04|0.46 + 0.03|0.46 £+ 0.03 || 0.82 + 0.01|0.72 + 0.02]0.59 + 0.02]0.52 + 0.04 |0.54 + 0.02 [0.70 £ 0.03 |0.68 £+ 0.03
207 0.51 + 0.04[0.46 £+ 0.03]0.46 + 0.03 || 0.84 + 0.01[0.76 £+ 0.01]0.61 £+ 0.02[0.48 £+ 0.04 | 0.61 + 0.02 [0.70 &+ 0.04 [0.67 + 0.03

Table 6: The performance of learning curve-based predictors on ImageNet. NAP2 is trained on the two
other datasets. SynFlow, GradNorm, and SNIP are zero-cost proxies (static performance).

Table 7: Accuracy score distribution comparison be-
tween CIFAR-10 and SVHN, highlighting the distri-

bution shift.

10 and tested on CIFAR-100.

Earl

Alg/ | guiFlow | GradNorm | SNIP SoTL-E SoTL Stopy LCE LC-PFN NAP2 NAD2
Q. time (ACC.) (C-10) (C-100)
9 0.47 £ 0.03|0.41 & 0.04|0.42 * 0.04[[0.2 & 0.06 |0.2 £ 0.05 |0.22 * 0.04]|0.1 * 0.05 |-0.02 & 0.05|0.51 * 0.04|0.49 * 0.07
18 0.47 * 0.03|0.41 £ 0.04|0.42 £ 0.04 || 0.27 £ 0.05|0.24 £ 0.04|0.27 & 0.04]0.16 * 0.05|-0.05 * 0.04|0.55 £ 0.04 |0.56 & 0.05
27 0.47 * 0.03|0.41 £ 0.04|0.42 £ 0.04]|0.35 F 0.04|0.3 £ 0.04 |0.31 £ 0.03]0.17 & 0.05]-0.03 £ 0.05]0.57 * 0.03 |0.59 £ 0.04
63 0.47 * 0.03 | 0.41 £ 0.04|0.42 & 0.04 || 0.53 * 0.03|0.42 & 0.03]0.4 & 0.03 |0.26 * 0.05]0.24 * 0.04 |0.60 * 0.03 | 0.63 & 0.03
99 0.47 £ 0.03|0.41 £ 0.04|0.42 * 0.04][0.58 * 0.02|0.47 £ 0.03]0.42 £ 0.03]|0.35 & 0.05|0.30 + 0.04 |0.60 £ 0.04 |0.65 £ 0.03
153 0.47 £ 0.03|0.41 & 0.04|0.42 + 0.04][0.65 * 0.02]0.53 £ 0.02]0.46 £ 0.02|0.43 & 0.04|0.34 + 0.04 |0.62 £ 0.03 |0.66 & 0.03
207 0.47 £ 0.03|0.41 & 0.04]0.42 + 0.04][0.7 £ 0.02[0.58 * 0.02]0.52 £ 0.02|0.48 & 0.04|0.40 * 0.04 |0.64 £ 0.03 |0.68 £ 0.03

Table 8: The probability of returning a top-

performing architecture at the top of NAP2’s ranked
list of architectures. NAP2 was trained on CIFAR-

Performance Range CIFAR-10 (%) SVHN (%) mini-batch
0-0.85] 100 53 step (x10%) 1 2 3 4 5 10 | 15 | 20
0.85-0.92] 41.5 6.7 top-3 02 | 04 | 03] 02 02] 01| 01] 0.2
0.92-0.95] 18.5 13.7 top-5 02 | 04 | 03 | 03| 03] 04| 03 | 04
0.95-1] 0.0 74.3 top-10 02| 06 | 04 ] 06 05061 05/ 05
top-20 0.5 | 07 | 09 | 0.8 | 0.8 | 0.7 | 0.6 | 0.6
Table 9: The probability of returning a top- Table 10: The probability of returning a top-

performing architecture at the top of NAP2’s ranked
list of architectures. NAP2 was trained on CIFAR-

10 and tested on ImageNet.

100 and tested on ImageNet.

performing architecture at the top of NAP2’s ranked
list of architectures. NAP2 was trained on CIFAR-

STLIEIETS?) 1] 2| 3] 4] 5 |10]15] 2 S’;‘Eg‘zzaltg;‘) 1] 2| 3| 4|5 |10]15] 20
top-3 00 01 [ 000202010403 top-3 01 03 [02 0203 020202
top5 01 [ 02 ] 0103|0304 0505 top-5 03 [ 03] 06 ] 03] 04| 03| 03|04
top-10 01102 03 0405060607 top-10 03 [ 05 ] 08 ] 05 | 0.8 | 0.8 | .0 | 0.0
top-20 03 [ 05 ] 05 06 06 07 07|07 top-20 03 [ 08 [ 0900 00 | 10 | L0 [ 1.0

experiments, and Early stop, a straightforward but effective benchmark.

NAP2 clearly outperforms both:

after a single epoch, it reaches a Kendall Tau of 0.5125, 80% higher than its closest competitor. Even after 11
epochs, neither baseline matches NAP2’s single-epoch result. These results strengthen our claims regarding

NAP2’s transferability.

6 Analysis & Discussion

6.1 Analyzing performance as a function of query time

Our evaluation shows that NAP2 achieves relatively high Kendall Tau correlation values (about 0.5) after
only a single input (100 mini-batches). However, as query times lengthen, NAP2 becomes less effective

10
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Figure 2: Kendall Tau on SVHN under cross-dataset transfer (NAP2 trained on CIFAR-10, no fine-tuning).
Baselines are learning curve-based algorithms.
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Figure 3: The Kendall Tau Rank Correlation achieved by NAP2 on the evaluated datasets, as a function of
the number of mini-batches used to train each neural architecture.

compared to some of the baselines. This analysis aims to identify the query-time range where NAP2 is most
effective.

Figures [3] and [4] show performance in our two evaluation setups: single- and cross-dataset setup. Despite
differences in absolute performance, two key conclusions emerge: (1) the largest improvement in NAP2’s
performance occurs within the first ten inputs, after which gains slow significantly; (2) predictive abilities
plateau after about 20 inputs.

We hypothesize that as training progresses, network weight and activation changes diminish, limiting NAP2’s
ability to provide further insights at later stages. We plan to address this in future work. We also explored
an alternative architecture using separate LSTMs for weights and gradients (fusing only at the final hidden
state), but found no improvement over early fusion via concatenation (see Appendix [C)).

6.2 Identifying Top-Performing Architectures

While NAP2 performs well in cross-dataset setups, a key practical question is whether it can reliably identify
top-performing architectures. The Kendall Tau metric from previous evaluations does not address this, as it

11
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Figure 4: Kendall Tau achieved by NAP2 in cross-dataset transfer. Each panel shows a model trained on
one dataset, evaluated on the other two, as a function of query mini-batches (x100).

weights all architectures equally. Additionally, prediction models trained on datasets with different average
performance may struggle to select the best architectures in new datasets. To investigate this, we assess
NAP2’s ability to identify top performers in a cross-dataset setup. After every 100 mini-batches, we checked
if the true best architecture appeared in the top 3/5/10/20 of NAP2’s rankings. Across ten runs per dataset
(with 200-architecture test sets), we calculated how often the best architecture was highly ranked.

Tables report results for cases where the model is trained on a smaller dataset and tested on a larger
one. While performance varies, NAP2 typically needs only 600-700 batches (3 epochs on CIFAR-100, 1.2 on
ImageNet) to reliably surface top candidates. Although comparable baselines are not provided inWhite et al.
(2021)), these results show that NAP2 not only ranks but also identifies top-performing architectures early—a
crucial trait for NAS scenarios requiring quick identification of promising models. Across all configurations,
Top-K recall improves monotonically with query time and generally plateaus after 1,000-1,500 mini-batches,
providing a natural early-stopping signal for NAS practitioners. For a comprehensive analysis including
in-domain results, Top-N Coverage metrics, and additional cross-dataset configurations, see Appendix [F}

7 Conclusions and Future Work

We presented NAP2, a neural network performance prediction method that analyzes the temporal evolu-
tion of weight and gradient statistics during the early stages of training to predict final performance. On
NAS-Bench-201, NAP2 is competitive with strong hybrid baselines under limited budgets and consistently
outperforms learning-curve and zero-cost baselines at short query times in cross-dataset settings. A distin-
guishing property of NAP2 is its support for cross-dataset transfer: prediction models trained on one dataset
can be applied to unseen datasets without re-initialization or fine-tuning, a capability that distinguishes it
from many existing hybrid or model-based approaches that require target-domain training. This transfer-
ability extends even to significant distribution shift, as demonstrated by the SVHN case study, where NAP2
trained on CIFAR-10 achieved 80% higher Kendall Tau than its closest competitor after a single epoch.

Several directions for future work emerge from this study. The most immediate is the integration of NAP2
into a full NAS framework. While the present work focuses on performance prediction in isolation, deploying
NAP2 as the evaluation engine within a NAS loop would require balancing exploration of the architecture
search space with exploitation of NAP2’s predictions. We plan to investigate the use of deep reinforcement
learning to guide this process, using NAP2’s early predictions as reward signals to adaptively allocate training
budget across candidate architectures.

Beyond NAS, NAP2’s layer-wise weight and gradient representations may find applications in related do-
mains. In neural network robustness and verification, methods such as ReluPlex rely on analyzing individual
neurons to verify network properties; NAP2’s per-layer statistics could serve as a guide for identifying which
layers or neurons are most informative to target, potentially reducing the computational cost of verification.
More broadly, the ability to characterize a network’s learning trajectory from short training runs opens pos-
sibilities for tasks such as predicting training stability, detecting pathological optimization behavior early, or
guiding hyperparameter selection across datasets.

12
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Appendix
A Pipeline Overview

This appendix details the end-to-end pipeline of NAP2, visualizing the data transformations and tensor
dimensions from raw architecture to performance prediction. The process, illustrated in Figure [ consists
of four stages.

e Stage 1: Architecture Training & Snapshotting. The neural architecture is trained for a limited
number of steps (7' snapshots). At each snapshot ¢, we extract the model’s weights (W;) and gradients

(Gt).

o Stage 2: Feature Map Construction. For each snapshot, we compute 12 statistical meta-features
(e.g., mean, variance, quantiles) for sampled units across the network’s layers. As shown in Figure
we sample S = 99 units per layer (plus one for the layer index, totaling 100 values). This results in a
structured Feature Map (FM) for weights and gradients, with dimensions:

FMt c R12><65><1()() (3)

representing (12 features, 65 layers, 100 values).

o Stage 3: Feature Compression (CAE Encoders). To reduce dimensionality, the feature maps are
passed through pre-trained Convolutional Autoencoder (CAE) encoders. We use separate encoders for
weights (CAEw ) and gradients (CAEg). Each encoder maps the high-dimensional feature map to a
compact embedding;:

ew,, eq, € R'?® (4)

These embeddings are concatenated to form a fused representation z;, € R2%° for step t.

o Stage 4: Temporal Modeling & Prediction. The sequence of fused embeddings Z = (z1,...,z7/)
is fed into an LSTM predictor with a hidden size of 2048. The final hidden state h’., is processed by a
dense head (Linear — ReLLU — Linear — Sigmoid) to output the predicted performance score § € [0, 1].
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Figure 5: High-level overview of the NAP2 pipeline, detailing the four stages: (1) Partial training and
snapshotting, (2) Construction of feature maps from weights and gradients, (3) Compression of feature maps
using pre-trained CAE encoders into 128-dimensional embeddings, and (4) Temporal modeling using an
LSTM to predict the final performance score.

B Feature Definitions & Notation

At each step of our proposed approach, we extract features from each layer in the analyzed network during its
early training stages. These features capture the evolution of weights and gradients, which serve as proxies
for the network’s learning dynamics and ultimately its final performance. We now expand on the various
features and the way they are generated.

Our features consist of two groups, each containing 12 meta-features. One group is computed from the
network’s weights at each training snapshot, and the other from the gradients. These features are computed
independently for weights and gradients, allowing us to capture both the evolving parameter state and the
optimization dynamics simultaneously. We describe each feature in detail below, explaining what it measures,
how it is computed, and why it is informative for performance prediction.

B.1 Overview of the Feature Extraction Process

During training, we log weights and gradients every 100 mini-batches, capturing T = 23 snapshots of the
network’s state. For each snapshot ¢ and each layer ¢, we extract 12 meta-features from the weights W,
and 12 from the gradients Gy .

To handle the varying sizes of layers across different architectures, we employ a sampling strategy: for layers
with more than S = 99 units (neurons or filters), we deterministically sample exactly S units using a fixed
seed. This ensures reproducibility while maintaining computational tractability. We then compute the 12
features over these sampled values, combining both a global statistic computed over all sampled units and
per-unit statistics that capture layer heterogeneity.

The resulting feature vectors are assembled into fixed-shape feature maps. Each snapshot produces a feature
map with shape (L,V,F) = (65,100,12), where L is the maximum number of layers, V is the values
dimension storing multiple values per feature, and F' is the number of feature types. We capture T = 23
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such snapshots over time. This uniform representation enables us to train a single predictor model across
diverse architectures while preserving the temporal evolution of layer-wise statistics.

B.2 Motivation and Rationale

Why these features? The selected meta-features jointly capture scale (min/max/mean), dispersion (vari-
ance/std), shape (skewness/kurtosis), energy (L1/L2 norms), and robust order statistics (quantiles). This
balances sensitivity to training dynamics with robustness to outliers and initialization noise. Gradients
reflect optimization signals; weights reflect the evolving representation. Their combination improves early
predictive power and transferability across datasets.

Why fixed-shape maps? NAS architectures vary in depth and layer width. To train one predictor,
we require a uniform input shape. We therefore map per-layer statistics into fixed-size feature maps with
consistent axes and padding/truncation policies. This enables a single encoder to learn invariant patterns of
training dynamics across heterogeneous architectures.

B.3 Notation

o W, € R%: Vectorized weight parameters of layer ¢ at snapshot ¢ (after sampling)

o Gy € R%: Vectorized gradient parameters of layer ¢ at snapshot ¢ (after sampling)
o dy: Effective dimensionality of layer ¢ after sampling S units/filters

e L = 65: Maximum number of layers (architectures with < 65 layers are zero-padded)
o T = 23: Total number of training snapshots (one per At = 100 mini-batches)

e S =99: Number of units/filters sampled per layer for computational efficiency

e F = 12: Number of meta-features extracted per layer per time step

B.4 Sampling Strategy

Neural architectures vary significantly in layer widths. Some convolutional layers contain hundreds of filters,
while dense layers may have thousands of neurons. Computing features over all units would be computa-
tionally expensive and create variable-sized feature maps that cannot be processed uniformly.

We therefore sample a fixed number of units per layer. If a layer contains more than S = 99 units, we
uniformly sample exactly S units using deterministic indexing based on a fixed seed. This ensures that
the same layer produces identical samples across different runs, enabling reproducibility. For convolutional
layers, we sample S filters and compute features over their flattened kernel weights. For dense layers, we
sample S neurons and compute features over their weight vectors. Layers with < .S units use all available
values.

If Wy >5: Wy, <+ sample(Wy,, S, seed = 42) (5)

We choose S = 99 because it provides a good balance between computational efficiency and representative-
ness. Combining one global statistic (computed over all sampled units) with 99 per-unit values gives us 100
values per feature per layer, which matches our feature map design where the values dimension is set to
approximately 100. This sampling strategy allows us to capture both the overall layer behavior and its inter-
nal heterogeneity, providing enough detail to characterize the layer’s state while remaining computationally
manageable.

B.5 The Twelve Meta-Features
For notational clarity, we use x € R? to denote either W, : or Gy in the following definitions. Each feature is

computed independently for weights and gradients, yielding 12 weight-based features and 12 gradient-based
features per layer per snapshot.
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We organize our 12 features into several categories: central tendency features that capture the typical value,
dispersion features that measure spread and range, distribution shape features that characterize asymmetry
and tail behavior, norm features that quantify magnitude, and quantile features that provide robust order
statistics.

B.5.1 Central Tendency Features

Mean (f;): The arithmetic mean captures the average value of the weights or gradients in the layer. This
feature reflects the typical scale of parameters and their updates.

ISHR

fi(x) =

d
DI (6)

Median (f3): The median provides a robust measure of central tendency that is less sensitive to outliers
than the mean. This feature helps characterize the typical parameter value even when the distribution is
skewed or contains extreme values.

f2(x) = median({z1, ..., zq}) (7

B.5.2 Dispersion Features

Variance (f3): Variance measures the spread of values around the mean. Higher variance indicates more
diverse parameter values or gradient magnitudes, which may signal different learning dynamics.

Fa) = 5 3wy~ 7P 5= filx) Q

Standard Deviation (f;): The standard deviation is the square root of variance, providing a measure of
spread in the same units as the original values. It complements variance and is used in the normalization of
higher-order moments.

fa(x) =/ f3(x) 9)

Minimum (f5): The minimum value indicates the lower bound of the distribution. For weights, this
captures the smallest parameter magnitude; for gradients, it reflects the smallest update magnitude in the
layer.

fs(X) B jE?ll,i.?,d} i (10)

Maximum (fs): The maximum value indicates the upper bound of the distribution. This feature, together
with the minimum, provides the range of values and helps identify extreme parameter values or gradient
spikes.

_ . 11
fo(x) jeax @ (11)

B.5.3 Distribution Shape Features

Skewness (f7): Skewness measures the asymmetry of the distribution. Positive skewness indicates a long
tail on the right, while negative skewness indicates a long tail on the left. The distribution of weights and
gradients often exhibits asymmetry, which relates to the curvature and geometry of the loss landscape.
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g

d 3 3
fr(x) = cllzl (% ) , o= f4(x) (12)

Kurtosis (fs): Kurtosis measures the heaviness of the distribution’s tails compared to a normal distribution.
Higher kurtosis indicates heavier tails and more extreme values. We compute excess kurtosis (subtracting
3) following the SciPy convention, so a normal distribution has kurtosis of 0.

fs(X)=;é<xja_j>4—3 (13)

B.5.4 Covariance Feature

Covariance (fy): We compute covariance as the unbiased sample variance using Bessel’s correction. This
is effectively the covariance of the parameter values with themselves, providing a measure of variability that
accounts for the sample size. Mathematically, this is Cov(x, x) using (d — 1) in the denominator rather than
d.

d

d
Jolx) = 7 Sy =P = 2 ) (14)

Note that this differs from temporal covariance (covariance across time steps) or cross-layer covariance
(covariance between different layers), which are not computed here.

B.5.5 Norm Features

L1 Norm (fi9): The L1 norm (Manhattan distance) sums the absolute values of all parameters. This
measures the total magnitude of weights or gradients without squaring, making it less sensitive to large
outliers than the L2 norm.

d
fro(x) = |z (15)
j=1

L2 Norm (f11): The L2 norm (Euclidean distance) measures the magnitude of the weight or gradient vector.
This is a fundamental quantity in optimization, as it appears in weight decay regularization and gradient
clipping strategies. Larger L.2 norms may indicate sharper loss landscapes or more aggressive updates.

fu(x) = P = 1l (16)

B.5.6 Quantile Feature (Multi-valued)

Quantiles (f12): We compute five quantiles to capture the distribution shape: the minimum (0th percentile),
first quartile (25th percentile), median (50th percentile), third quartile (75th percentile), and maximum
(100th percentile). Note that the Oth and 100th percentiles equal the minimum and maximum features (f5
and fg), and the 50th percentile equals the median (f3). This redundancy provides robustness, as quantiles
are less sensitive to outliers than moments.
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q25(X) Q1
fi2(x) = | gso(x) | = | fa(x) (17)
qrs(x) Q3

Although this feature returns 5 values, we conceptually count it as a single feature in our F' = 12 count, as
the quantiles together characterize a single aspect of the distribution (its order statistics).

B.6 Feature Map Construction

After extracting the 12 features for each layer at each snapshot, we organize them into feature maps with a
fixed shape that can be processed uniformly by our encoder models. This section explains how we construct
these feature maps and the rationale behind our design choices.

At each snapshot ¢, for each layer ¢, we compute feature vectors where each feature f; may contain multiple
values (stored in dimension V). Conceptually, we extract 12 feature types per layer per snapshot. These
features are then assembled into feature maps:

Each snapshot produces a feature map with shape (L,V, F), where for each of the L layers and F = 12
features, we store V' = 100 values. Over T = 23 snapshots, we obtain sequences of feature maps that are
processed temporally by the LSTM predictor.

Why fixed-shape maps? NAS architectures vary significantly in depth (number of layers) and width
(number of units per layer). To train a single predictor model that works across all architectures, we
need a uniform input representation. By mapping all architectures to fixed-size feature maps with shape
(L,V,F) = (65,100, 12) per snapshot (captured over T" = 23 snapshots), we enable our encoder to learn
patterns that generalize across diverse architectures while preserving the temporal evolution captured in the
sequence of snapshots.

Depth dimension (L = 65): We set the maximum number of layers to 65, chosen as a balance between
capturing sufficient depth and maintaining computational efficiency. This value proved effective in our
experiments. Architectures with fewer layers are zero-padded at the end. Architectures with more than 65
layers are truncated, keeping only the first 65 layers.

Temporal dimension (7 = 23): We capture T = 23 snapshots during training, one every 100 mini-
batches. This spans approximately the first 2,300 mini-batches of training, which corresponds to roughly the
first 16 epochs for CIFAR-10/100 (with batch size 256). We found empirically that predictive power plateaus
after about 20 snapshots, so T' = 23 provides sufficient temporal coverage while remaining computationally
efficient.

Feature dimension (F = 12): We extract exactly 12 meta-features per layer per snapshot, as described
above. Each feature represents one aspect of the distribution (e.g., mean, variance, skewness). Multiple
values per feature (e.g., the five percentiles from the quantile feature, or values from both global and per-
unit computations) are stored in the values dimension V', maintaining F' = 12 as the number of distinct
feature types.

Values dimension (V = 100): For each feature, we store approximately 100 values: one global statistic
computed over all sampled units, plus S = 99 per-unit values. This provides a compact yet expressive
representation that captures both layer-level summary statistics and unit-level heterogeneity. The values
dimension is set to exactly 100 in our implementation, with padding applied when layers have fewer than 99
units.

Padding policy: Missing layers (for architectures with < 65 layers) are zero-padded at the end. Missing
unit values (for layers with < 99 units) are also zero-padded to reach the fixed values dimension V' = 100.
Padding is applied after feature extraction but before feature map assembly.
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Normalization: We apply normalization through batch normalization layers in the CAE encoder (see
Appendix. Each convolutional layer in the encoder is followed by a BatchNorm2d layer, which normalizes
activations using batch statistics during training. This approach allows the normalization to adapt to the
training distribution of feature maps, automatically handling the varying scales across different feature types
(e.g., norms may have vastly different magnitudes than mean/variance).

B.7 Implementation Details

NalN Handling: During training, some layers may contain dead neurons or experience gradient vanishing,
leading to NaN values in weights or gradients. All our statistical computations use NaN-aware implemen-
tations (e.g., np.nanmean, np.nanstd) that skip NaN values, ensuring robust feature extraction even when
some units are inactive.

Dense vs. Convolutional Layers:

¢ Dense layers: We sample S = 99 neurons uniformly at random (with deterministic indexing). For each
sampled neuron, we extract its incoming weight vector. Features are computed over all sampled weight
values concatenated together.

o Convolutional layers: We sample S = 99 filters uniformly at random (with deterministic indexing).
For each sampled filter, we flatten its kernel weights into a vector. For example, a 3 x 3 filter with C' input
channels is flattened to 9C' values. Features are computed over all sampled filter weights concatenated
together.

Global and per-unit computation: As described in the paper, we compute features in two ways: first,
a single value over the entire layer’s data, and second, values for each individual unit (neuron or filter). Both
types of values are collected and stored in the values dimension V for each feature, providing both layer-level
summary statistics and unit-level details while maintaining F' = 12 feature types.

Reproducibility: The sampling process uses fixed seeds and deterministic indexing, ensuring that the
same architecture produces identical feature maps across runs. Architecture training also uses fixed seeds
and determinism flags (see Appendix , ensuring that weights and gradients are logged identically. With
identical inputs, feature extraction is bitwise-stable across runs on the same platform.
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C Model Specifications

This appendix provides complete architectural specifications for the convolutional auto-encoders (CAE) and
the LSTM predictor, including layer configurations, hyperparameters, fusion mechanisms, and loss functions.

C.1 Convolutional Auto-Encoder (CAE)

We train two separate CAEs: one for weights feature maps (CAEy ) and one for gradients feature maps
(CAE(). Both share identical architecture but are trained independently on their respective data.

C.1.1 Input Specification

e Input shape: (F,L,V) = (12,65,100)

e F = 12: Number of feature channels (meta-features)

o L = 65: Number of layers (padded/truncated)

e V =100: Feature map values dimension

o Data type: Double precision (float64)

C.1.2 Encoder Architecture

The encoder consists of three convolutional blocks, each comprising Conv2D, BatchNorm2D, and ReLU
activation.

Table 11: CAE Encoder Layer Specifications

Layer Type In Ch. Owut Ch. Kernel Stride Padding
Input - - 12 - - -
Conv2D-1 Conv2D 12 512 (1,100) (1,1) (0,0)
BatchNorm-1 BatchNorm2D 512 512 - - -
Activation-1 ReLLU 512 512 - - -
Conv2D-2 Conv2D 512 256 (65,1) (1,1) (0,0)
BatchNorm-2 BatchNorm2D 256 256 - - -
Activation-2 ReLU 256 256 - -
Conv2D-3 Conv2D 256 128 (1,1) (1,1) (0,0)
BatchNorm-3 BatchNorm2D 128 128 - - -
Activation-3 ReLU 128 128 - - -
Output - - 128 (1,1,128) - -

Output shape after encoder: (128,1,1) — flattened to R'?® (embedding dimension).

C.1.3 Decoder Architecture

The decoder mirrors the encoder structure using transposed convolutions to reconstruct the input.

C.1.4 CAE Training Configuration

o Loss function: Mean Squared Error (MSE) reconstruction loss with sum reduction

. 2
Lcar = Z (Xf,e,u - Xj',l,v)

It

¢ Optimizer: Adam with learning rate 0.001
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Table 12: CAE Decoder Layer Specifications

Layer Type In Ch. Out Ch. Kernel Stride Padding
Input - - 128 (1,1,128) - -
ConvT2D-1 ConvTranspose2D 128 256 (1,1) (1,1) (0,0)
BatchNorm-1 BatchNorm2D 256 256 - - -
Activation-1 ReLU 256 256 - - -
ConvT2D-2 ConvTranspose2D 256 512 (65,1) (1,1) (0,0)
BatchNorm-2 BatchNorm2D 512 512 - - -
Activation-2 ReLU 512 512 — - -
ConvT2D-3 ConvTranspose2D 512 12 (1,100) (1,1) (0,0)
Output - - 12 (12, 65, 100) - -

Learning rate schedule: StepLR with step size 20 and gamma 0.15, preceded by a 5-epoch warmup
from 1076 to 0.001

Batch size: 32
Epochs: 150
Early stopping: Patience of 25 epochs on validation loss (or training loss if no validation set)

Weight initialization: PyTorch default (Kaiming for Conv2D)

C.2 LSTM Predictor

The LSTM predictor takes a sequence of fused embeddings and outputs a scalar performance score.

C.2.1 Input Specification

Input shape: (17", D) = (1",256)

T € {1,2,...,10}: Sequence length during training (variable for augmentation). During inference, the
full sequence up to T' = 23 snapshots can be used.

D = 256: Fused embedding dimension (128 from CAEy + 128 from CAEg)
Batch-first format: Tensor shape is (B,T’, D) where B is batch size

C.2.2 Architecture Specification

C.2.3 LSTM Forward Pass

The forward computation is defined as:

h;,c; = LSTM(z¢, hy_1,¢;_1), t=1,...,T" (19)
hy: € R?*®  (final hidden state) (20)
0, = ReLU(W hy +b;), W, ¢ R64x2048 (21)
§=0(Wso1 +by), W,yeR¥H (22)

where o(+) is the sigmoid function ensuring § € [0, 1]. For in-domain experiments where targets are in [0, 100],
the model output is scaled accordingly. For cross-dataset experiments with normalized targets in [0, 1], the
output matches the target range directly.
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Table 13: LSTM Predictor Layer Specifications

Layer Type Input Dim Output Dim
Input - (B,T’,256) (B, T’,256)
LSTM LSTM 256 2048

hidden__size=2048, num__layers=1
bidirectional=False, batch__first=True

Select Last ~ Indexing (B, T",2048) (B, 2048)

Dense-1 Linear 2048 64
Activation-1 ReLU 64 64
Dense-2 Linear 64 1
Activation-2 ~ Sigmoid 1 1
Output - (B,1) 9 € [0,1]

C.2.4 LSTM Training Configuration
o Loss function: Mean Absolute Error (MAE)

| B
Listm = B ; |9: — vl

(23)

where y; is the true accuracy of architecture i. For in-domain experiments, y; € [0,100] (raw percent-
age). For cross-dataset experiments, y; € [0,1] (min-max normalized). See for details on target

normalization.
o Alternative loss (explored): Rank Consistency Loss (see §C.5))
¢ Optimizer: Adam with learning rate 0.001

e Learning rate schedule: StepLR with step size 20 and gamma 0.15, preceded by a 5-epoch warmup

from 10~ to 0.001
« Batch size: 32
o Epochs: 150

« Sequence augmentation: Train on lengths 77 € {1,...,10} with same target y

C.3 Fusion Mechanism

At each time step t, embeddings from both CAEs are fused via concatenation:

w

7z _|:et ] c R256

t= | .G
€

where:

o e}V = CAEy (X}V) € R12%: Weights embedding at time ¢
o ef = CAEG(XY) € R!?8: Gradients embedding at time ¢

« No additional learned projection is applied (simple concatenation)

The full sequence is then constructed:

/
Z = (z1,20,...,27] € RT %256
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C.4 Alternative Architectures Explored

C.4.1 Combined LSTM (Separate Encoders)

An alternative architecture uses two separate LSTMs for weights and gradients, fusing only at the final
hidden states:

hY, = LSTMy (e}, ..., elV) (26)
h$ = LSTM¢(ef, ..., e%) (27)
hfysea = [hTVKa hG’} € R*0% (28)

This variant (class CombinedLSTMRegressor in code) was explored but not used in final experiments.

C.5 Loss Functions
C.5.1 Primary Loss: Mean Absolute Error (MAE)

The main training objective for the LSTM predictor:

B
1 .
LMag = B § |9 — vil (29)
i—1

Rationale: MAE is less sensitive to outliers than MSE and directly optimizes for ranking quality. For
cross-dataset experiments, MAE is applied to normalized targets, ensuring the model focuses on relative
rankings rather than absolute values.

C.5.2 Experimental Loss: Rank Consistency

A custom ranking loss based on soft Spearman correlation was explored:

6 Zil(rank@i) — rank(y;))?

= 1 —
Erank B(B2 — 1)

(30)

where ranks are computed via soft-ranking approximation to maintain differentiability. This loss did not
provide significant improvements over MAE in preliminary experiments.

C.6 Target Normalization

Target normalization depends on the experimental setup:

In-domain experiments: Targets are used in their raw form (accuracy percentage yraw € [0,100]). No
normalization is applied, as the model learns to predict absolute accuracy values within the same dataset’s
distribution. This approach is suitable when training and testing on the same dataset, where absolute
accuracy values are meaningful and comparable.

Cross-dataset experiments: Targets are normalized using min-max normalization to [0, 1] to account for
different accuracy scales across datasets. For cross-dataset transfer, we compute dataset-specific statistics:

y = Yraw — Ymin (31)

Ymax — Ymin
where Ymin and Ymax are the minimum and maximum accuracy values in the training set. This normalization
ensures that the model focuses on relative ranking (which is what matters for cross-dataset transfer) rather

than absolute accuracy values, which can vary significantly across datasets with different complexity (e.g.,
CIFAR-10 vs. ImageNet-16-120).
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C.7 Model Size & Complexity

Table 14: Model Parameter Counts

Component Parameters Type
CAE Encoder (W) 9.17M Trainable
CAE Decoder (W) 9.17M Trainable
CAE Encoder (G) 9.17M Trainable
CAE Decoder (G) 9.17M Trainable
LSTM 19.02M Trainable
Dense Head 131K Trainable
Total 55.70M -

Parameter count details:

o CAE Encoder: Three Conv2D layers (12—512, 512—256, 256—128 channels) with BatchNorm2d after
each, totaling 9,169,536 parameters per encoder.

e« CAE Decoder: Three ConvTranspose2D layers (128—256, 256—512, 512—12 channels) with Batch-
Norm2d after the first two, totaling 9,169,164 parameters per decoder.

o LSTM: Single-layer LSTM with input size 256, hidden size 2048, plus two linear layers (2048—64—1),
totaling 19,021,953 parameters (18,890,752 for LSTM core + 131,136 for first dense layer + 65 for second
dense layer).

o CAEs are trained independently; only encoders are used during LSTM training (decoders are discarded
after CAE training).

C.8 Visual Diagrams
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Figure 6: Convolutional auto-encoder (CAE) architecture with three-stage encoder (12—512—256—128)
compressing feature maps to 128-dimensional embeddings, trained with MSE reconstruction loss.
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Fig. 1: The LSTM predictor architecture described in the paper’s Appendix C.2.

Figure 7: LSTM predictor architecture processing fused embedding sequences through a single-layer LSTM
(hidden=2048) followed by a dense head to output performance scores § € [0, 1], trained with MAE loss.
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D Data & Preprocessing

This appendix specifies datasets, normalization parameters, and data augmentation used for training NAS-
Bench-201 architectures to generate performance logs.

D.1 Datasets

Table 15: Dataset Specifications

Dataset Size Classes Image Res. Role

CIFAR-10 50k / 10k 10 32 x 32 Primary
CIFAR-100 50k / 10k 100 32 x 32 Primary
ImageNet-16-120 151k / 6k 120 16 x 16 Primary
SVHN 73k / 26k 10 32 x 32 Dist. shift

D.2 Normalization Parameters

Table 16: Per-Channel Normalization (applied as (z/255 — p)/o)

Dataset Mean i (R, G, B) Std ¢ (R, G, B)
CIFAR-10 (0.4914, 0.4822,0.4465)  (0.2470, 0.2430, 0.2610)
CIFAR-100 (0.5071,0.4867,0.4408)  (0.2675,0.2565,0.2761)
ImageNet-16-120 Mean image subtraction®

SVHN (0.5000, 0.5000,0.5000)  (0.5000, 0.5000, 0.5000)

fImageNet-16-120 uses mean image computed from training batches, subtracted before ToTensor conver-
sion. Unlike other datasets, no per-channel normalization is applied after mean subtraction; the images are
normalized to [0, 1] via division by 255, then mean-subtracted, and converted to tensors directly.

D.3 Data Augmentation

Table 17: Data Augmentation Applied During Architecture Training

Operation CIFAR-10/100 ImageNet-16 SVHN
Random Crop + Pad 32x32+4+4 16 x 16 + 2 None
Horizontal Flip p=20.5 p=20.5 None
Normalize Per-channel Mean subtraction® [—1, 1] range
Pipeline:
o CIFAR-10/100: RandomHorizontalFlip(p = 0.5) — RandomCrop(padding) — ToTensor —

Normalize(u, o)

o ImageNet-16-120: RandomHorizontalFlip(p = 0.5) — RandomCrop(padding) — ToTensor (mean sub-
traction applied during data loading)

e SVHN: ToTensor — Normalize to [—1, 1] range (no augmentation)

*ImageNet-16-120 applies mean image subtraction during data loading (before transforms), not per-channel
normalization after ToTensor. See §77 for details.
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D.4 Data Splits

D.4.1 Architecture Training

CIFAR-10 and CIFAR-100: Both datasets consist of 50,000 training samples and 10,000 test samples.
Following the NAS-Bench-201 protocol, the full training set (50,000 samples) is used for training. The test
set (10,000 samples) is split into a fixed validation subset and remaining test samples. Fixed validation
indices are used to ensure reproducibility across all architecture training runs. This approach maintains
consistency with the NAS-Bench-201 benchmark while providing a held-out validation set for architecture
evaluation during training and a final test set for evaluation.

ImageNet-16-120: The dataset provides 151,700 training samples and approximately 6,000 validation
samples as separate pre-processed sets. The validation set is used directly without further splitting.

SVHN: The dataset consists of 73,257 training samples and 26,032 test samples. The training set is split
into 51,280 training samples and 21,977 validation samples using fixed indices to ensure reproducibility. The
test set (26,032 samples) remains completely separate for final evaluation.

D.4.2 Predictor Training

Architectures (not data samples) are split for CAE/LSTM training:

Table 18: Architecture Splits for Predictor Training

Train Validation Test Total
50-700 100 200  350-1000

Architectures sampled with stratified sampling across performance bins (50-55%, 55-60%, ..., 90-95% accu-
racy). Splits saved to train_files.json, val_files.json, test_files.json.

D.5 Snapshot Protocol

Weights and gradients logged every At = 100 mini-batches during architecture training, yielding T" = 23
snapshots over 16 epochs (CIFAR/ImageNet) or 40 epochs (SVHN). Snapshots compressed and saved as
weights_stats_<id>.bz2 and gradients_stats_<id>.bz2.

Training Configuration: SGD + Nesterov (momentum=0.9, weight decay=5 x 10~%), Ir=0.1 with cosine
decay, batch size=256. See Appendix C for full training protocol.
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E Reproducibility & Computational Environment

This appendix documents the experimental design, randomness control, hardware specifications, and software
environment to facilitate reproducibility.

E.1 Experimental Design

We evaluate predictor performance across varying training set sizes to assess data efficiency. Each configu-
ration is repeated over multiple independent trials to ensure statistical robustness.

Table 19: Experimental Design: Training Set Sizes and Trials

Train Size Trials Total Runs
50 10 10

100 10 10

200 10 10

300 10 10

400 10 10

500 10 10

600 10 10

700 10 10
Total Configurations 8 80 runs

Split Configuration: All experiments use fixed validation (100 architectures) and test (200 architectures)
sets. Architectures are sampled with stratified sampling across performance bins to ensure balanced coverage
of the performance distribution.

Reporting: All results presented as mean + standard deviation over 10 independent trials.
E.2 Randomness Control
We employ multi-level seeding to balance reproducibility with statistical robustness.

Table 20: Seed Configuration and Determinism Levels

Component Seed Deterministic Implementation

Phase 1: Architecture Training (Log Generation)

Random/NumPy/PyTorch 4 Full set_seed() with all flags

cuDNN operations - Full cudnn.deterministic=True
cuDNN benchmark - Off cudnn.benchmark=False
TensorFloat-32 - Off allow_tf32=False

CUBLAS workspace - Set CUBLAS_WORKSPACE_CONFIG=’:16:8’

Phase 2: Data Splitting

Train/Val/Test split 42 Full train_test_split(random_state=42)
Split persistence - Yes Saved to JSON, reused across trials

Phase 8: Predictor Training (CAE + LSTM)

Weight initialization None Stochastic PyTorch default initialization
Optimizer state None Stochastic Adam with random initial state
Data shuffling None Stochastic DataLoader shuffling

Statistical Robustness Strategy
Independent trials - — 10 trials per configuration
Aggregation - - Report mean + SD
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E.2.1 Determinism Flags (Architecture Training)

Full determinism is enforced during architecture training via set_seed() function:

random.seed (4)

np.random.seed (4)

torch.manual _seed(4)
torch.cuda.manual_seed_all(4)
os.environ[’CUBLAS_WORKSPACE_CONFIG’] = ’:16:8°
torch.backends.cudnn.deterministic = True
torch.backends.cudnn.benchmark = False
torch.backends.cudnn.allow_tf32 = False

Rationale: Architecture training must be deterministic to ensure identical weights/gradients logs across
predictor training trials. Predictor training (CAE/LSTM) uses stochastic initialization with multiple trials
for statistical robustness.

E.3 Hardware Specifications

Table 21: Computational Hardware

Component Specification Details

GPU NVIDIA GeForce GTX 1080 Ti -

- Memory 11 GB GDDR5X -

- Architecture Pascal (GP102) Compute Cap. 6.1
- TDP 250W -

CPU Intel Xeon E5-1650 v4 -

- Base Frequency  3.60 GHz -
- Cores / Threads 6/ 12 -

Memory 125 GB DDR4 -
Cluster Slurm-managed HPC University cluster
- Partitions main, gtx1080, rtx2080, etc. -

GPU Selection: The GTX 1080 Ti was chosen to match prior NAS predictor work (White et al., |2021)),
enabling direct timing comparisons. Query times reported in the main paper are measured on this hardware.

E.4 Software Environment
E.5 Training Time & Computational Cost

Note: Times are approximate and vary with training set size. Reported query times in main paper (e.g.,
54s, 108s, 207s) refer to architecture training only and are measured on GTX 1080 Ti.

E.6 Code Availability

All code, trained models, and data splits are available at: [repository URL to be added]. The repository
includes:

e Architecture training scripts with snapshot logging

Statistics extraction and feature map creation

CAE and LSTM training code with all hyperparameters
e Pre-computed data splits (JSON files) for exact reproducibility
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Table 22: Software Versions

Software

Version

Operating System
Kernel

Rocky Linux 9.5 (Blue Onyx)
5.14.0-503.40.1.el9_5.x86_ 64

Python 3.9.21
PyTorch >1.13
CUDA (Driver) 12.5 (Driver 555.42.06)
cuDNN > 8.0
Core Libraries

NumPy 2.0.2
SciPy > 1.10
Pandas > 1.5
Scikit-learn >1.0
Infrastructure

Cluster Manager Slurm

Conda Environment

Custom environment per component

Table 23: Approximate Training Times (per trial, GTX 1080 Ti)

Component

Time per Architecture Time per Trial

Architecture Training (16 epochs)

Snapshot T=23

Statistics Extraction
Feature Map Creation

3-4 minutes -
Included above -
30 seconds -
10 seconds -

CAE Training (150 epochs)
LSTM Training (150 epochs)

- 2-4 hours
- 1-2 hours

Total per Trial
Total for 80 Experiments

- 5-8 hours (train_ size=700)
- 400-640 GPU hours

o Evaluation scripts and analysis notebooks

e Slurm job scripts for cluster deployment
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F Top-K Identification Analysis

This appendix provides a comprehensive analysis of NAP2’s ability to identify top-performing architectures
through Top-K recall and Top-N Coverage metrics. While Kendall’s Tau measures overall ranking quality,
these metrics directly address practical NAS questions: Can NAP2 reliably identify the best architectures
early in training, and how many promising candidates can it identify simultaneously?

F.1 Metric Definitions

Top-K Recall: For each trial, we compute the probability that the true best architecture (the single
architecture with highest final accuracy, i.e., true top-1) appears within the predicted top-K architectures
(ranked by predicted score). Formally:

T
1
Top-K Recall = T ZH‘[true top-1 € predicted top-K] (32)

t=1

where T' = 10 is the number of trials (200 architectures per trial). Values range from 0 (never found) to 1
(always found).

Top-N Coverage: Measures the average proportion of true top-IN architectures that appear in predicted
top-K rankings. For each trial, we count how many of the true top-N architectures appear in predicted top-
K, then divide by N to get the proportion. Values are averages of these proportions across trials, ranging
from 0.0 (none found) to 1.0 (all found).

The distinction is crucial for NAS: Top-K Recall answers whether the single best architecture is found (bi-
nary), while Top-N Coverage reveals NAP2’s ability to identify multiple promising candidates simultaneously
(continuous)—enabling parallel exploration and robust ensemble evaluation in NAS workflows.

F.2 In-Domain Results

Table 24] reports Top-K recall for in-domain setups. NAP2 achieves strong Top-K recall even at early query
times, with Top-20 recall exceeding 0.7 by step 14-16 (1,400-1,600 mini-batches) for CIFAR-10/100, and
Top-10 recall exceeding 0.6 by step 12 across all datasets.

Tables report Top-N Coverage metrics, measuring the average proportion of true top-/N architectures
found in predicted top-K rankings. Column labels follow the pattern “Top-N in Top-K”: e.g., “Top-3 in
Top-20" means the proportion of true top-3 architectures found in predicted top-20.

F.3 Cross-Dataset Results

Table [28| reports Top-K recall for cross-dataset setups where models are trained on CIFAR-10 and tested on
CIFAR-100 and ImageNet-16-120. Results show that NAP2 achieves strong Top-K recall even when trained
on a smaller dataset and tested on larger ones, demonstrating effective transferability. Top-20 recall reaches
0.6-0.9 by step 3—4 (300-400 mini-batches) for CIFAR-100 and 0.5-0.7 by step 3—4 for ImageNet-16-120.

F.4 Key Insights & Practical Implications

Main Findings:

1. Early Identification: Top-20 recall exceeds 0.6 within 200-500 mini-batches, enabling early search space
narrowing in NAS frameworks

2. Cross-Dataset Transfer: Tables show strong Top-K recall when trained on different datasets,
demonstrating NAP2’s transferability without retraining. Notably, CIFAR-100 — ImageNet achieves 1.0
Top-20 recall by step 10, and ImageNet — CIFAR-100 reaches 0.8-0.9 Top-20 recall by step 34
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Table 24: Top-K recall for in-domain datasets (train_size=700). Values represent the probability that the
true best architecture appears in NAP2’s predicted top-K rankings, averaged across 10 trials.

mini-batch

step (x102) CIFAR-10 CIFAR-100 ImageNet-16-120
Top-3 Top-5 Top-10 Top-20 Top-3 Top-5 | Top-10 | Top-20 Top-3 Top-5 Top-10 Top-20
1 0.3 0.4 0.4
2 0.3 0.3
3 0.4 0.4
4 0.3 0.4
5 0.4 0.5 0.3
6 0.3 0.5 0.3
7 0.4 0.5 0.3 0.4
8 0.3 0.3 0.5 0.4 0.5
9 0.4 0.4 0.5
10 0.3 0.3 0.4 0.4
11 0.3 0.4 0.4 0.4
12 0.3 0.4 0.4
13 0.3 0.4 0.4
14 0.4 0.4 0.4 0.4
15 0.5 0.4 0.4
16 0.5 0.3 0.4 0.5
17 0.5 0.3 0.4 0.5
18 0.5 0.3 0.4 0.5
19 0.3 0.4 0.5
20 0.3 0.4 0.5
21 0.3 0.4 0.5
22 0.4 0.5
23 0.3 0.4 0.5

Table 25: Top-N Coverage in Top-K for in-domain CIFAR-10 (train_ size=700). Values are averaged across

10 trials.
mini-batch Top-3 in Top-3 in Top-3 in Top-3 in Top-5 in Top-5 in Top-5 in Top-10 in Top-10 in
step (x10%) Top-3 Top-5 Top-10 Top-20 Top-5 Top-10 Top-20 Top-10 Top-20
1
2 0.400 0.420 0.520
3 0.433 0.460 0.300 0.580
4 0.300 0.500 0.320 0.500 0.390 0.590
5 0.333 0.533 0.380 0.580 0.400
6 0.367 0.400
7 0.367 0.420
8 0.367 0.300 0.440
9 0.433 0.340 0.500
10 0.300 0.500 0.360 0.580
11 0.333 0.500 0.360 0.560
12 0.333 0.533 0.360
13 0.300 0.333 0.533 0.380 0.580
14 0.333 0.367 0.533 0.380
15 0.367 0.567 0.400
16 0.367 0.567 0.400
17 0.300 0.367 0.400
18 0.300 0.400 0.420
19 0.300 0.400 0.420
20 0.300 0.367 0.400
21 0.367 0.380
22 0.367 0.360
23 0.400 0.400

3. Multi-Architecture Identification: Top-N Coverage analysis reveals NAP2 successfully identifies mul-
tiple high-performing architectures simultaneously (e.g., Top-3 Coverage in Top-20 reaches 0.80-0.97 by

step 16), enabling parallel exploration of promising candidates

4. Monotonic Improvement: Both metrics improve with query time, with Top-K recall generally plateau-

ing after 1,000-1,500 mini-batches

Practical Benefits for NAS:

¢ Search Space Reduction: Early identification of top-K candidates allows NAS frameworks to reduce
the search space from thousands to tens of architectures, dramatically reducing computational cost
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Table 26: Top-N Coverage in Top-K for in-domain CIFAR-100 (train_ size=700). Values are averaged across
10 trials.

mini-batch Top-3 in Top-3 in Top-3 in Top-3 in Top-5 in Top-5 in Top-5 in Top-10 in Top-10 in
step (X 102) Top-3 Top-5 Top-10 Top-20 Top-5 Top-10 Top-20 Top-10 Top-20
1 0.367 0.340 0.370
2 0.433 0.340 0.600 0.310 0.550
3 0.300 0.333 0.500 0.300 0.420 0.660 0.390 0.630
4 0.333 0.533 0.320 0.500 0.480 0.670
5 0.367 0.567 0.380 0.500 0.470 0.670
6 0.333 0.600 0.340 0.560

7 0.333 0.400 0.633 0.360 0.600

8 0.300 0.467 0.633 0.420 0.640

9 0.300 0.400 0.380

10 0.300 0.433 0.440

11 0.367 0.433 0.440

12 0.333 0.467 0.440

13 0.300 0.433 0.420 0.680

14 0.367 0.533 0.460 0.660

15 0.367 0.433 0.420

16 0.367 0.467 0.440

17 0.400 0.533 0.480 0.680

18 0.400 0.533 0.500

19 0.433 0.533 0.480 0.680

20 0.433 0.533 0.500

21 0.433 0.533 0.520

22 0.433 0.500 0.460

23 0.433 0.533 0.460

Table 27: Top-N Coverage in Top-K for in-domain ImageNet-16-120 (train_ size=700). Values are averaged
across 10 trials.

mini-batch Top-3 in | Top-3 in | Top-3 in | Top-3 in Top-10 in | Top-10 in
step (X 102) Top-3 Top-5 Top-10 Top-20 Top-10 Top-20
1 0.333 0.360
2 0.467 0.420
3 0.400 0.500 0.300 0.420 0.560 0.320 0.470
4 0.400 0.567 0.300 0.420 0.640 0.330 0.500
5 0.333 0.433 0.567 0.320 0.420 0.640 0.310 0.520
6 0.433 0.567 0.420 0.640 0.330 0.520
7 0.333 0.467 0.567 0.320 0.440 0.660 0.300 0.550
8 0.367 0.467 0.600 0.360 0.460 0.680 0.340 0.570
9 0.367 0.467 0.467 0.633 0.380 0.460 0.340 0.590
10 0.367 0.467 0.667 0.360 0.480 0.370 0.610
11 0.333 0.400 0.533 0.667 0.360 0.560 0.410 0.640
12 0.333 0.400 0.533 0.400 0.600 0.410 0.660
13 0.400 0.400 0.533 0.380 0.600 0.430 0.680
14 0.400 0.400 0.500 0.400 0.600 0.680
15 0.400 0.400 0.500 0.360 0.580

16 0.400 0.433 0.533 0.380 0.600

17 0.400 0.433 0.500 0.400 0.560

18 0.400 0.433 0.533 0.400 0.580

19 0.333 0.467 0.533 0.420 0.580

20 0.367 0.467 0.533 0.440 0.580

21 0.367 0.433 0.567 0.380 0.600

22 0.400 0.433 0.533 0.400 0.580

23 0.400 0.433 0.567 0.400 0.580

« Resource Allocation: Focusing computational budget on promising architectures identified early (Top-
20 recall > 0.7 by 1,600 mini-batches) maximizes efficiency

o Early Stopping: Top-K metrics provide concrete signals for early stopping—once Top-20 recall plateaus,
additional training provides limited value

« Parallel Exploration: High Top-N Coverage (e.g., Top-5 Coverage in Top-20 > 0.85) enables simulta-
neous evaluation of multiple promising candidates, accelerating the search process

o Transfer Learning: Strong cross-dataset Top-K recall enables applying models trained on fast datasets
(CIFAR-10) to larger tasks (ImageNet) without retraining
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Table 28: Top-K recall for cross-dataset setups where models are trained on CIFAR-10 and tested on CIFAR-
100 and ImageNet-16-120. Values represent the probability that the true best architecture appears in NAP2’s
predicted top-K rankings, averaged across 10 trials.

S’g;“;t’("*ltg?) CIFAR-100 ImageNet-16-120
Top-3 Top-5 Top-10 Top-20 Top-3 Top-5 Top-10 Top-20
1 0.5 0.3
2 0.4 0.4 0.5
3 0.3 0.3 0.4 0.3 0.5
4 0.3 0.3 0.4
5 0.3 0.5 0.3 0.5
6 0.3 0.3 0.5
7 0.4 0.4 0.3 0.3 0.5
8 0.3 0.3 0.4 0.5
9 0.4 0.5 0.3 0.4
10 0.4 0.4
11 0.3 0.5 0.4
12 0.3 0.4
13 0.3 0.5 0.3 0.5
14 0.3 0.4 0.5
15 0.3 0.5 0.4 0.5
16 0.3 0.3 0.5
17 0.3 0.5 0.4 0.5
18 0.3 0.5 0.3 0.4
19 0.3 0.5 0.3 0.5
20 0.4 0.5 0.3 0.5
21 0.4 0.5 0.4 0.5
22 0.4 0.5 0.4 0.5
23 0.4 0.4 0.5 0.5

Table 29: Top-K recall for cross-dataset setups where models are trained on CIFAR-100 and tested on
CIFAR-10 and ImageNet-16-120. Values represent the probability that the true best architecture appears in
NAP2’s predicted top-K rankings, averaged across 10 trials.

mini-batch
step (x10%)

CIFAR-10 ImageNet-16-120

Top-3 Top-5 Top-10 | Top-20
0.3 0.3 0.3
0.3 0.3 0.5

0.3 0.5
0.3 0.4

0.3 0.4
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Table 30: Top-K recall for cross-dataset setups where models are trained on ImageNet-16-120 and tested
on CIFAR-10 and CIFAR-100. Values represent the probability that the true best architecture appears in
NAP2’s predicted top-K rankings, averaged across 10 trials.

mini-batch

2 CIFAR-10 CIFAR-100

step (x10%)
Top-3 | Top-5 | Top-10 [ Top-20 Top-3 | Top-5 Top-10 | Top-20

1 0.3 0.5 0.4 0.5
2 0.3 0.5
3 0.5 0.4
4 0.3 0.5 0.3 0.5
5 0.3 0.5 0.4 0.5
[§ 0.3 0.5 0.5
7 0.3 0.5 0.5
8 0.3 0.5 0.3
9 0.3 0.4 0.5
10 0.3 0.5 0.5
11 0.3 0.5 0.5
12 0.3 0.5
13 0.5 0.4
14 0.3 0.5 0.5
15 0.5 0.4
16 0.5 0.4
17 0.5 0.4
18 0.5 0.4
19 0.3 0.5
20 0.5 0.4
21 0.4
22 0.4
23 0.3 0.5
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